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Abstract—We present results from a set of experiments in this 
pilot study to investigate the causal influence of user activity on 
various environmental parameters monitored by occupant-
carried multi-purpose sensors. Hypotheses with respect to each 
type of measurements are verified, including temperature, 
humidity, and light level collected during eight typical activities: 
sitting in lab / cubicle, indoor walking / running, resting after 
physical activity, climbing stairs, taking elevators, and outdoor 
walking. Our main contribution is the development of features 
for activity and location recognition based on environmental 
measurements, which exploit location- and activity-specific 
characteristics and capture the trends resulted from the 
underlying physiological process. The features are statistically 
shown to have good separability and are also information-rich. 
Fusing environmental sensing together with acceleration is shown 
to achieve classification accuracy as high as 99.13%. For building 
applications, this study motivates a sensor fusion paradigm for 
learning individualized activity, location, and environmental 
preferences for energy management and user comfort.  
Keywords—activity recognition; environmental sensing; 
wearable devices; sensor fusion; building energy management 
I.  INTRODUCTION 
Building intelligence encompasses its ability to sense and 
understand the activities of occupants to interact with them and 
achieve goals like comfort and energy efficiency. Individuals 
perform various activities inside the building. This information, 
when made available to the building automation and control 
system, can be very useful. For example, the PMV model 
proposed by Fanger and adopted by ASHRAE as the primary 
standard for thermal comfort takes occupant metabolic rate as 
the most important factor, but it has been widely regarded as 
the most difficult parameter to measure. Traditional practices 
model it as constant, which essentially rules it to be irrelevant. 
By tracking user activities inside the building, it becomes much 
easier to estimate metabolic rate and improve thermal comfort 
of the HVAC system. 
The activities people are engaged in can be categorized in 
multiple dimensions, such as movement, time, and location. 
Typical activities are working in the cubicle or lab area, 
walking to a meeting, and climbing the stairs. Activities are 
further characterized by being stationary or moving inside the 
building. Clearly it is desirable to explore the direction of 
addressing multiple dimensions of indoor activities for 
occupancy modeling at a minimal labor and cost. 
Wearable electronics, such as the Fitbit and eWatch, are 
becoming more ubiquitous and carrying more sensors, owing 
to advances in miniaturization and manufacturing. Currently, 
technology is at the point where these smart watches can carry 
a suite of environmental sensors and continuously monitor the 
wearer’s local environment. In the near future, manufacturing 
techniques will enable the vision of Smart dust: fully-integrated 
cubic-millimeter size wireless sensors which could be non-
intrusively integrated into jewelry, clothes, and implants. In the 
project we adapted our environmental sensing platform [1] into 
a watch to conduct wearable sensor studies. The goal in 
developing the environmental sensing platform was not to be 
smaller than the current offerings, rather to be small enough to 
enable these studies. 
Our hypothesis is that the environmental measurements 
made by the wearable infrastructure provide information about 
where the user is and how he/she moves physically. There are 
two main contributions by the study. First, we present 
experimental results that motivate further study using more 
sophisticated mathematical models, and integrating these types 
of measurements. We also explore features with good 
discrimination for the estimation of occupancy activity. The 
advantage of the proposed method is to leverage the existing 
sensing infrastructure to fill in the missing information of the 
tracked activity at minimal additional cost.  
This paper is organized as follows. In Section II, we review 
previous works in individual activity tracking and make a 
distinction of the current study. The hardware and system 
infrastructure deployed in the experiment is described in 
Section III. Section IV focuses on the experimental procedures 
with detailed setup and data collection. The experimental 
results and analysis is discussed in Section V. The 
environmental sensing is used in various classification methods 
to demonstrate its advantage in Section VI. The conclusion is 
drawn in Section VII in addition to the suggestion of future 
work. 
II. RELATED WORK 
Activity is a multidimensional concept that is intimately 
related to the body movement or gestures and the context 
where it happens. Related works in body motion recognition 
extensively use miniaturized inertial sensors, namely 
accelerometers and gyroscopes.  
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TABLE III.  ACCURACY OF CLASS
Accelerati
Naïve Bayes .5309 
Bayes Net .5396 
Logistic regression .5194 
Multi-layer Perception .5099 
RBF Network .4220 
Decision Table .5419 
J48 Tree .5403 
Random Tree .5033 
Random Forrest .5033 
c. All the algorithm
TABLE IV.  REPRESENTATIVE CON
WITH ONLY ACCELERATION MEA
Activity 
a b c 
a: climb 50 0 0 
b: elevator 0 0 0 
c: rest 0 0 16 
d: run/ind 1 0 8 
e: walk/ind. 29 0 1 
f: walk/out. 22 0 0 
g: sit/lab 0 0 10 
h: sit/cub. 0 0 0 
TABLE V.  REPRESENTATIVE
FORESTS WITH ACCELERATION AND
Activity 
a b c 
a: climb 197 0 0 
b: elevator 0 112 0 
c: rest 1 1 63 
d: run/ind 1 0 8 
e: walk/ind. 3 0 0 
f: walk/out. 1 0 0 
g: sit/lab 0 0 0 
h: sit/cub. 0 1 0 
 
 pattern of light level in stairs for stair 
n) 
IFIERS W/O ENVIRONMENTAL SENSING 
on Environment Acc. + Environ.
.8706 .9459
.9372 .9843
.8995 .9728
.8612 .9379
.5623 .5364
.9023 .9226
.9599 .9854
.9616 .9850
.9742 .9913
s are implemented in Weka machine learning toolkit.  
FUSION MATRIX FOR DECISION TABLE 
SUREMENTS FOR CLASSIFICATION 
Classified As 
d e f g h
19 109 23 0 0
0 0 0 89 24
0 6 19 27 1
199 0 0 6 24
0 152 103 2 0
0 94 146 3 0
0 0 17 276 561
0 0 0 117 714
 CONFUSION MATRIX FOR RANDOM 
 ENVIRONMENTAL MEASUREMENTS 
Classified As 
d e f g h
2 2 0 0 0
0 0 0 0 1
0 2 0 0 1
228 0 0 0 1
0 284 0 0 0
0 0 264 0 0
0 0 0 864 0
0 0 0 0 830
location based on the characteristic ambient parameters. This is 
illustrated in the confusion matrix in Table IV and V, which 
demonstrates that environmental sensing can successfully 
distinguish activities in both the motion and location 
dimensions that would otherwise confuse classification 
methods based on acceleration only. For instance, activity sets 
such as sit in lab / cubicle, walk indoor / outdoor and climbing, 
taking an elevator and stationary activities, all have similar 
acceleration profiles, but by examining the ambient parameters 
such as light level, we can reliably make correct predictions. In 
addition, environmental sensing provides extra information to 
further distinguish activities with nuances, such as humidity 
variation to tell apart resting after physical activity and sitting 
in lab / cubicle. 
Future works can use approximate inference, such as 
particle filtering, to efficiently perform online activity 
recognition.  
VII. CONCLUSION 
We have shown via experimentation that indoor occupancy 
activity can be recognized and classified by leveraging the 
environmental measurements measured by the occupant-
carried environmental sensing wearable devices and 
environmental sensor network. We proposed numerous 
features for activity and location recognition. We adopted 
temperature gradients and standard deviation to distinguish 
dynamic or static activities of occupants. Our statistical testing 
results have shown that these two features can achieve high 
reparability for different activities. We also found that the 
humidity standard deviation can be employed to differentiate 
resting after physical activities from other activities. Based on 
our observation, different locations in buildings exhibit 
different light levels. Therefore, our experimental results have 
demonstrated that the light level measured by the wearable 
devices can reflect the characteristics of occupant’s location as 
compared to the reference environmental sensors. Furthermore, 
another interesting observation is that the light level measured 
by the wearable device can exhibit periodic pattern and the 
magnitude can reflect the floor the occupancy has reached 
when he or she is climbing the stairs. 
These features are statistically shown to have good 
separability and are also information-rich. In addition to these, 
we have shown that fusing environmental sensing together with 
acceleration can achieve classification accuracy as high as 
99.13%. Actually environmental sensing can successfully 
distinguish activities that would confuse acceleration under 
several circumstances.  
This paper provides a motivation of a sensor fusion 
paradigm for learning individualized activity, location, and 
environmental preferences for energy management and user 
comfort. Future work can be focused on the information fusion 
between these environmental related features with other 
monitoring systems, such as power metering system and WiFi-
based indoor positioning system [18], to obtain more accurate, 
robust and reliable recognition of indoor occupancy activities. 
We would also develop online algorithms based on 
environmental sensing to track user activities in real-time to 
provide useful information to the building management system. 
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